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Executive summary

The outcome of this deliverable is a description of the data readiness levels (DRLs) in the ROADVIEW project.
Essentially DRLs are the data 2equi v abBpedfiti inaufled ih the titlean i c a |
means internally (generated) and externally (available) datasets for autonomous driving. As well as the datasets we
introduce the concept of data readiness levels and how the levels are implemented. DRLs are a general concept for
differing data kinds, that said, we will use our own collated metrics for the specifics related to autonomous driving
initially. Data quality detractors are not solely sensor related, non-domain aspects, missing data, corrupted values,
processing errors are generic problems in data processing and can lead to insufficient HD map quality and therein
can miss important objects in the test drives. We do not provide a DRL value for the datasets in this deliverable, as
LiDAR and RADAR data has not been evaluated in sufficient detail, but we provide a roadmap for LIDAR evaluation.

Clearly, data for autonomous driving is an enormous area crossing many disciplines, vision, ML, metrological,
measurement techniques, sensing, instrumentation, and we do not attempt to cover all these topics however provide
a slice through the topic with an example of image quality.

Objectives

The main objective of this deliverable is a report on how to quantitatively evaluate the Data Readiness Levels (DRL)
of datasets. With the help of this deliverable, we aim to assign a score, 1 (low) to 9 (high) of a specific dataset we
have available to us. Datasets can be ROADVIEW partner produced (page 20) or openly available ones (page 24).
The final project goal is the ability to upload a dataset and an evaluation thereof of that data for autonomous driving.

Methodology and implementation

The main methodology followed is to define a simple, working assessment of the datasets used in ROADVIEW.
Irrespect i ve of t he al gor-SdodleanGohfusipremafrices and so org thg sbccess of autonomous
vehicles will largely depend on the quality of data used. Therefore, the data should be of sufficient quality for the
scenarios and settings defined in the project. Since the goal of the project is to enable autonomous vehicles to
operate in rain and snow, the coverage, quality, andset t i ngs wi | | be a determining f
Also, quantitively, where the operation of the vehicle perception is too low, we can pinpoint at least where the data

is/iwas insufficient using the main concept. Backtracing from an object misclassification (or missing at all) to the HD

MAP, data source (Visible camera, Infra-red, LIDAR, RADAR) to the pixels and potentially a sensor issue would be

a truly valuable tool in this field, akin to a debugger in software development.

Outcome

The outcome of this first deliverable on this topic is an overview of the domain of road sensor fused simple. It is more
of an informational type of deliverable, however, with concrete examples from internal and external datasets.

Next steps

The next steps are to continue the development of the DRL concepts and obtain a RADAR set for the same datasets.
We will also assess the public datasets in further detail, by adding additional quality metrics. Assessments must be
developed or in the public domain. The external datasets in our focus are nuScenes and mmDetection3 D.
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Part I: Preliminaries

Essentially this deliverable contains an evaluation of internally produced and publicly available datasets for
autonomous driving. An emphasis is on scenes with poorer driving conditions. How driving conditions impacts on
sensor performance and subsequent data flows is also addressed. An end-to-end software example is used as an
illustration. VISIBLE and thermal cameras are considered, RADAR and ultrasonic sensors less so.

Some issues are not included in this deliverable, on is sensor calibration, cameras and LIiDARs (though LIDAR
calibration can be found in this ). This is mostly due to the competence area, as well as access to specialised
equipment. We will also not discuss issues in ROADVIEW available in other Work packages and deliverables
however are related to datasets. Examples include ODDs (WP2, Task 2.1) and the Data Management Plan but (WP1,
T1.4) refer to other work packages and tasks within ROADVIEW. RADAR data is not discussed in detail this
deliverable, again due to competence in this task and data at a timely point. It will be covered in future dataset
evaluation.

Data in ROADVIEWa perspective

In this first deliverable (of 3) on data quality, we split the initial data readiness into 3 sections:

1. Introduce data readiness concepts.
2. The data details about the data set(s) for assessment.
3. Highlight practicalities around storage, processing, formats, sizes, and costs.

DRL 9 - Data in operational environment

DRL 8 - Data complete and correct

DRL 7 - Our data makes sense in pilot system

DRL 6 - Prototype system verified

DRL 5 - Laboratory tests of integrated system

DRL 4 - Laboratory verification of dataset or processing
DRL 3 - Critical datasets, proof of concept established
DRL 2 - Dataset concept formulated

DRL 1 — Basic data gathered and stored

Figure 1 - Data plays a central role in the many projects. Above, is a generic view of data of the data processing stages.
The lower DRLs are processed bottom first. A specific DRL illustration is in Fig. 8.
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We look at the increasing role of data in computer-based tasks. Taking a step back computer science works on some
simple principles. Although many computer scientists developed these, the idea of splitting the thinking process into
Data and Control was coined by Alfred Aho (still lectures at 82 years old at Columbia University) of AWK fame).
These are shown below. Looking back, the amount of data processed was much less than now and the focus was
on controlling the program to achieve complex tasks. Data was typically input - processed - output.

As key algorithms (many formalised and popularised by Knuth) development of the algorithms, especially their
complexity became key. Control flow became algorithms, which can be used again and again in different contexts.
Again, the separation of the data and the algorithms is a key philosophy. Many systems and programs today could
benefit from working code to a specific (well known) algorithm that can be changed or improved. Searching and
sorting being the classics.

Jumping forward a few decades in computer science, a key change has been the use of large amounts of data. This
jump in huge data amounts is not only related to Machine Learning and Al, but gathering data from our environment,
roads, earth observations, Internet logs, nuclear particles and so on. Whence scanning, capturing, measuring our
environment (at whatever timescale or physical dimensions) data has become pervasive. In autonomous driving,
sensing, gathering, processing, validating, (even legalising) data is so important, it is almost the most important facet
of a project such as ROADVIEW. We do not demean the algorithms or computer science; however, the roll of data
is of uppermost attention in projects such as ROADVIEW. It is logical that the quality of the data, should be and is an
important part of the project.

Therefore, ROADVIEW will (i) introduce a novel concept of sensor denoising to filter out noisy sensor readings
(camera, LIDAR, and RADAR) and (ii) assign a data readiness level to validate the quality of the raw data before
passing them to the perception modules. This will lead to more robust perception under varying environments and
weather conditions. In terms of assessment, we need to stipulate that in image and video quality for ML processing
(pipelines) introduces new and different issues when quality assessment is for people. This we will come back to
when discussing the VISIBLE image and video quality.
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The work in this task is in essence adjunct to the architecture work done in the Architecture Reference Task, part of
WP2. Figure 2 below shows the generic architecture ROADVIEW uses. It represents the core functional generic
architecture of the ROADVIEW project. Novel ROADVIEW modules are shown in dark grey, and available OEM
modules in light grey colours, respectively. There are 3 functionalities: Perception, Planning, and Control in red,
purple, & blue. The perception block functions are for robust environment perception. Basically, filtering of noisy
sensor data, low-level sensor fusion, object detection, free-space detection, weather-type detection, slipperiness
detection, and visibility detection. The perception block receives input from various sensing modalities such as RGB
cameras, LIDARs, RADARSs, Thermal cameras, Inertial Measurement Units (IMU), and Global Navigation Satellite
System (GNSS) modules. The planning block is for localisation, trajectory prediction & planning functionalities. The
controller block focuses on weather-aware decision-making and control of the velocity and acceleration-related
parameters. Each sensor reading is processed individually up to the low-level sensor fusion module, which feeds the
downstream perception modules such as object detection. Dashed arrows in the figure represented sensor readings
cleaned from noise (i.e., outliers) introduced by, for instance, falling snow particles or rain drops.

r-r----------"""""-"-"-"""-""-""-""-"--"-"-"--"-F"--F-"""F"F"FF= =
: LEGEND Raw RGB Raw LiDAR _ Raw RADAR _ Raw Thermal Raw IMU Raw GNSS I
Cameralmage = PointCloud ©  PointCloud ©  CameraImage Data Data
ROADVIEW i
f creeio B ooy [ raom L wwn 1 ovs o EREIE
Reference I |
: OEM Perception Planning Control Other
ArChltECture l Maodule Module Meodule Module Signals l
| 8 |
e I
a8 N
4 Perception N é Planning B
(" Localisation )
4 4 4 _,:: <
AN __h___4A__4_
I I | > \L Y
[ | | +
[ | I
s
[ | \ > )
L A A s _ T e >
| ey ‘:_E
1 | | v
: : : Trajectory Planner
| L\ /)
A 4 s ~
y fV'\_’
T ; fV'\_’.
\_ | VS G
—
Sensing | |
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[ Individual Sensor Drivers ] [ Control ]
A r Y y J . / )
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Figure 2 - The ROADVIEW reference architecture (source D2.3)
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The reference architecture in Figure 2 drives our Readiness Level development. Table 3 shows the DRLs, and the
sensor calibration and synchronisation above correspond to level 0 in our DRLs. That is before data is gathered, and
per modality, the calibration needs to be done. We mean extrinsic calibration with respect to calibration in this case.
Data filtering maps to data quality assessment in our DRL schema, that is levels 2-7. These are described in more
detail below with an example. We do not look at the quality of the fused modalities in DRL in this first report, rather
per modality.

The project methodology with respect to data is to find the best from each dataset and as a final dataset release a
ROADVI EW dataset. I ndeed, one of the objectives of ROAD)
(lowest) to 9 (highest). We need to state here, the value attributed to a dataset, or indeed amalgamation should not

be used to compare datasets at this stage. That is because the setup, calibrations, vehicles, conditions will not be

the same from dataset to dataset. However, we will look at being able to provide DRL scores per configuration, in

the latter parts of this Task.

There are no specific datasets required to assess the quality, nor specific modalities. Should there be more than 1
device type we will initially average over the values, and if a modality is missing, their contributions or weights are
simply reassigned to the existing modalities.

From a dataset point of view the simplest view of the project is:

To be clear, the project is large, complex and has many facets, weather modelling, testing, system integration, testing

and finally working demonstrations using real trucks. That said, a vehicle that uses sensors to navigate, avoid and

find its destination with respect to the road and weather conditions will be make heavy use of data, especially in the

training phase. That is where the test vehicle performs journeys (see below) to learn of all possible situations it will
encounter when licensed and driving passengersaround. The goal from autonomous dri vi
of the environment, often called an HD map. In ROADVIEW this is discussed in additional detail in Tasks T5.4 and

T8.3.
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Part Il: Sensors and data

Brief overview of the s ensor types in the ROADVIEW project

To design and operate a vehicle in harsh weather environments, a number of sensors, platforms and processing is
needed. Below we give a high-level overview, mostly for the laymen. A complete system requirement has been
produced in WP2, the preparation of the demonstrators, a complete list can be found in WP2 system requirements
document. Table 1 below gives a general overview of the sensor types and some characteristics.

Feature LiDAR RADAR Camera Ultrasonic
Primary Technology Laser beam Radio wave Light Sound wave
Range ~200 m ~250 m ~200 m ~5m
Resolution Good Average Very good Poor
Affected by weather conditions Yes Yes Yes Yes
Affected by lighting conditions No No Yes No
Detects speed Good Very good Poor Poor
Detects distance Good Very good Poor Good
Interference susceptibility Good Poor Very Good Good
Size Bulky Small Small Small

Table 1 - Simple summary of sensors in autonomous driving
(source: An Overview of Autonomous Vehicles Sensors and Their Vulnerability to Weather Conditions. Sensor [28])
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Obviously, a key component in vehicle autonomy. Most cameras can be classified as visible or infrared (IR). VIS
cameras such as monocular vision and stereo vision capture wavelengths that ranges from 400 to 780 nm, similar
to human vision. They are mostly used due to their low cost, high resolution, and their capability to differentiate
between colours. Combining two visible cameras with a predetermined focal distance allows stereo vision to be
performed; hence, a 3D representation of the scene around the vehicle is possible. However, even in a stereoscopic
vision camera system, the estimated depth accuracies are lower than the ones obtained from active range finders
such as RADARs and LiDARs. Figure 3 shows two visible light cameras used in ROADVIEW Sekonix SF3324 and
the Entron FOOBAO030RMOA, images of the two, with specifications, are in the screenshots below.

Sekonix SF3324 - GMSL - RCCB
Sensor model Onsemi AR0231

Resolution 2.3 MP - 1928 x 1208 px

Framerate 30 FPS

E A 2

Entron FO01A028BMOA- Sekonix SF3325- GMSL - RCCB

Entron FOO8A030RMOA
Sensor model Onsemi AR0820
Resolution 8.3 MP

0P

FOV 120°

Sensor model Onsemi AR0231 Sensor model Onsemi AR0231
2.3 MP - 1928 X 1208 px 2.3 MP - 1928 x 1208 px
Framerate 30 FPS 30 FPS

Figure 3 - Two visible light cameras used in the ROADVIEW project

Thermal cameras, also known as infrared (IR) cameras, detect infrared radiation, which is essentially heat that
objects emit. This makes them different from typical cameras used in autonomous driving systems, which capture
visible light. Thermal cameras can offer advantages over normal cameras in night vision, adverse weather, enhanced
object detection, reduced false positives and improved braking, detecting living objects rather than non-living.
ROADVIEW has access to an Adasky LW Infra-Red Ver camera. A whitepaper about thermal cameras and the
product is at

Specifications: RADARSs use radio waves in the 5-130GhZ range. RADAR is often classified into short range (~30m)
and long range (>150m). The short radars use the 24 GHz ISM band from 24.0 to 24.25 GHz with a bandwidth of
250 MHz, also called as the narrowband (NB). Long-range radars (LRR) use the 77 GHz band, 76-81GHz, to provide
better accuracy and resolution in a smaller package. Long range applications need directive antennas that provide a
higher resolution within a more limited scanning range.

They are used for measuring the distance to, speed of other vehicles and detecting objects within a wider field of
view e.g., for cross traffic alert systems. ROADVIEW has access to a Continental ARS 408-21, data . According
to the data sheet the ARS 408-21 and offers anti-collision protection, headway for far-field objects, has non-radar
reflecting detection, can classify 120 objects per cluster and has distance and speed monitoring. ROADVIEW also
has access to ZF3s Pro Wave, with up t o 35Hgured, ajairt shaws
screenshots with illustrations and specifications.
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ZF Pro Wave Radar

Continental ARS 408-21
[Range o
Range 250m H-120° v-28°
_ 9.0°...+9.0° far range, -60°...+60° near
range LA paaad i n 4 A A A AA LD e
Ll
R \
Continental SRR 308-21 e
Range 95m E]
-75°...475° (measurement) -75°...+75°
up to -90°...+90° (detection) =

Figure 4 - Two RADAR modules used in the ROADVIEW project

LIDARs

For the uninitiated, LIDAR devices use scanning lasers (invisible light @ 330ThZ, 1550 nm) to detect objects from a
close distance to several hundred meters away, some in a 360-degree field of view. The units need to reliable for the
harsh conditions of the road, rain, dust, and variable lighting, vibration, pollution and so on. They can produce a point-
cloud 2image?® of the scene around the vehicle. Of t e
They generate a lot of information 5630 Kbytes per min (see Table 1 below), this can be lessened by using lower
frame rates. In harsh weather the laser beams can become scattered or attenuated. FGI has access to the Velodyne
VLS-128, released in 2017, . It has 360 horizontal view (in the horizontal plane) and 40 degrees vertical. The
range is 245 meters and has 0.11 minimum degrees angular. It generates 4.8 million points per second. Carissma
has access to i) InnovizOne, released in 2023, has 0.1x0.1 angular resolution, 10 or 15 frame rate, 1 to 250 detection
range, 115x24 degree field of view and is ISO 26262 compliant, ii) an Ouster OS1, with a 90- 200-meter range, 45-
degree vertical field of view, 128 channels and 5.2 million points per second. Figure 5 shows the 2 Velodyne sensors.

Angular Res. 0.2°x0.1°
Framerate 10 Hz
Range 300m

LB Horizontal (360°) and Vertical (40°)

Velodyne VLP-32
Angular Res. 0.1° to 0.4°
Framerate 10 Hz

200m
Max FOV Horizontal (360°) and Vertical (40°)

Velodyne

Figure 5 - Two LIiDAR modules used in the ROADVIEW project
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Ultrasonic sensors are used for close distance obstacle recognition such as parking assistance. The reach of the
sensors is typically limited to 50cm, and they are not giving you any obstacle information than the distance. And even
given that, they are not as accurate as the other sensors. Pricewise, ultrasonic sensors are very low cost and in
nearly every car today as parking assistance. Due to not getting any obstacle information from the ultrasonic sensor,
itis not possible to classify an obstacle. Therefore, ultrasonic sensors are not taken into consideration in ROADVIEW.
Credit for this information goes to Joachim Glass at Konrad-Technologies (KO).

Figure 6 - An IMU unit

The Inertial Measurement Unit or IMU consists of two sensors: An accelerometer and gyroscope. The accelerometer
measures the linear acceleration whereas the gyroscope measures the angular velocity. With a known starting
location and precise acceleration measurements, the IMU provides information on current vehicle location and
orientation. The IMU is the only sensor technology that is independent of any information from the visual or radio
spectrum. The performance of IMU is limited only by the accuracy of acceleration measurements of the sensor itself.
Unlike sensors such as camerasand LIDAR® s, an | MU can be installed to a
chassis. ROADVIEW has access to several IMUs. Figure 6 shows an IMU used by Sensible4, Finland.

GNSS is the most widely used technology for providing accurate position information on the surface of the earth. The
best-known GNSS system is the Global Positioning System (GPS), which is a U.S. owned utility that provides users
with positioning, navigation, and timing (PNT) services. The operating principal the ability of the receiver to locate at
least four satellites, calculate the distance to each & identify the receiver location using trilateration. GNSS signals
suffer from several errors that degrade the accuracy, such as: (1) timing errors due to differences between the satellite
atomic clock and the receiver quartz clock, (2) signal delays due to propagating through the ionosphere and
troposphere, (3) multipath effect, and (4) satellite orbit uncertainties. To improve the accuracy of current positioning
systems on vehicles, data from satellites are merged with data from other vehicle sensors to achieve reliable position
information. In the ROADVIEW project we use Novatel Span-IGM-Al and the XSenseMTI-710-2A8G4 GNSS
sensors.
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ROADVIEW

Used in / Required for ROADVIEY ROADVIEW minimum
Sensor . Parameter .
Innovation sensor requwement
Number of Sensors >=3
Data Filtering Field of View TBD
LowLevelSensor Fusion :
Object Detection Resolution >=2MP
RGB Came Free Space Detection Framerate (Hz) >=10
WeatherType Estimation
Slipperiness Estimation Sensor Model RGBCamera
Visibility Estimation Front, (Rear optional), botH
Placement .
Sides
Number of Sensors >=1
Data Filtering . . 360° horizontal
LowLevel Sensor Fusion Field of View >= 40° vertical
Object Detection . .
Free Space Detection Resolution i
LiDAR WeatherType Estimation Framerate (Hz) >=10
Slipperiness Estimation —
Visibility Estimation Measurement Range (m) >= 80
HD Mapping Sensor Model No Requirement
Localization with HMapping Top
Placement L
(to minimize obstacles)
Number of Sensors >=1
Data Fi|tering Field of View TBD
LowLevel Sensor Fusion Resolution TBD
ect D .
RADAR Object etection Framerate (Hz) >=10
Free Space Detection
WeatherType Estimation Measurement Rangém) >=100
Visibility Estimation Sensor Model No Requirement
Placement Front
Number of Sensors >=1
LowLevel Sensor Fusion Field of View TBD
Thermal Object Detection Resolution TBD
C Free Space Detection —
amera WeatherType Estimation Framerate (Hz) >=10
Slipperiness Estimation Sensor Model No Requirement
Placement Front
Number of Sensors 1
HD Mappin Framerate (Hz) >=10
GNSS L ocalization win HD . :
ocalization with HD Mapping Sensor Model No Requirement
Placement Antenna onTop
Number of Sensors 1
HD Mapping _
IMU Localization with HD Mapping Framerate (Hz) >= 100
Sensor Model No Requirement
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Placement No Requirement

Table 2- Minimum requirements on ROADVIEW sensor set, being defined in Task 4.1. The Data Readiness Level will be
dependent on the setup, this is one example of what a setup will be.

HD Mapping

An HD (High Definition) map is a detailed and highly accurate digital representation of the real-world environment,
primarily developed for autonomous driving systems. These maps go beyond the traditional navigation maps that we
use in our smartphones or cars. Here's what distinguishes HD maps from standard maps:

1 Detail and Precision: HD maps provide centimetre-level precision, enabling self-driving cars to understand
their surroundings better and make informed decisions.

1 Layers: Unlike standard maps that might only provide roads and points of interest, HD maps come with

multiple layers of information, including:

Road Profile: This includes details like road curvature, gradient, and width.

1 Lane Information: It offers specifics about each lane, its boundaries, type (e.g., turning lane, straight lane),
and associated rules.

1 Traffic Signs & Signals: HD maps will have exact positions of all traffic signs, signals, and other regulatory
markers.

1 Infrastructure Details: This may include crosswalks, barriers, guardrails, pedestrian areas, and more.

=

Dynamic Updates: Given the rapidly changing nature of roads due to construction, accidents, or other events, it's
crucial for HD maps to be frequently and dynamically updated. Some systems aim to update in near real-time. 3D
Representation: While many standard maps offer 3D views for a better user experience, HD maps can provide a true
3D representation, accounting for elevation changes and including structures like bridges, tunnels, and buildings.
Sensors & Integration: HD maps are typically developed considering the suite of sensors (like LIDAR, radar, cameras)
on autonomous vehicles. The data from these sensors can be cross-referenced with HD maps for tasks such as
precise localisation. HD maps play a crucial role in making autonomous driving safer and more reliable. By giving
vehicles, a comprehensive understanding of their environment, they help ensure that the vehicle can handle complex
driving scenarios even if sensors face temporary obstructions or difficulties.

A ROADVIEWdata pipeline

Requirements (WP2) Y Sensor capture (WP4) Y Format wrangling (WP4) Y Validation
checks (WP4) Y Fused data (WP4) Y Model training (WP5) Y Object detection (WP5)

Data readiness, or quality can be defined for the online or offline case. In the online case could be a situation that

was not anticipated or not seen before causing the vehicle to make a poor decision (the classic Uber vehicle crash

in the US, unfortunately killing a pedestrian). The offline case is pertinent to highlighting of internal practices, where
thesoft ware system can be ~ debugg e dagbject detection fail wk &an dook@mtathient o
causes due to data issues. Note, the algorithmst hems el ves coul d be issue. These
dataset?® possi bl ysealzlow). ne generated (
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Data quality & autonomous vehicles: a short (& selected) state of the art

Since autonomous vehicles are essentially &~navigatngthereisa on
substantial amount of material. Often citating each sensor type, and increasingly more often, fused data. The
photometric society of America produced a paper at the about Geometric Inter-Swath Accuracy and Quality of

LiDAR Data, which is not related to driving but an interesting take on LIDAR data quality. Data quality issues can be

found in [1-3]. Within the consortium [4-6] cover vehicle segmentation in LIDAR point clouds. Adverse weather
autonomous driving is in [7-13]. Each public datasets have its own set of publications, where nuScenes and
mmDetection3D attempt to summarise the others, NuScences a methodhis close to our work [20].
Around ML pipelines references [15-18] are relevant, where we point to [15] as a lightweight approach. [14] is video

quality estimation done by video quality experts, rather than vehicle developers or ML specialists.

Data quality for autonomous vehicles: image quality

A key aspect in this project is the use of multiple sensors in adverse or poor weather conditions. It is anticipated that
driving in conditions with non-differentiating backgrounds, water particles in the air (attenuating sensors) make it
more difficult for the vehicle to assess surrounding obstacles and obstructions. Visible image quality issues come
from lack of sharpness due to focus or dirty sensors, blurriness from lack of focus, confusing ranges and even the
speed of the measurement vehicle itself. Obviously over exposed images from bright or low sun / lights as well as
reflectance from piles of snow (see citations). If video processing is done on a sequence of images, then single frame
2 i mages?3 c aspecillg ovér segerabones, also due to compression of both images and video. Some form
of downscaling is needed, either in frame rates or redundant coding. Below in Table 3 are a couple of image quality
assessment tools. Future work will experiment with additional image assessment.

Image Source Comment GitHub  Forks Links/ Notes.

Attribute Lang. Stars

Blurriness Python | Provides a quick § 277 1
accurate method for
scoring blurriness. Se
Figures8.

Multiple Python | PyTorch Image Qualitf 1100 107
(PIQ)s a collection of
measures and metrics fo
image quality
assessment. The librar
contains a set of
measures and metric
that is continually getting
extended

Blurriness Python | Attempts to judge if an - - Own development.
image is blurred or no
using a score

Exposure Python | No reference imagq 40 7
sharpness  assessme
based on local phas
coherence.
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Sharpnessl | Python

Sharpnessnethods

31 7

Sharpness2 | Python

Sharpness detection

Library calculates the
variance of the Laplacian for
each greyscale image.

Brightness | Python

Mean of the pixel
values for the
greyscale images Over
and underexposure

Own development.

Noise Python

Library to calculate
Shannon entropy of
each image skimage.

Many
and
varied.

LiDAR Comment GitHub Forks  Links/ Notes.
Attribute
Python | A @mplete toolbox from| 279K | 9.2K
Noise OpenmmDetection3D Corruption/ noise in point cloudsSee Figure 18
PointCloud | Python | OpenPCDet is a cleq 4.3K 1.2K https://github.com/openmmlab/OpenPCDe

Noise

simple,  sekcontained
opensource project for
LiDARbased 3D objec
detection.

PointCloud | Python
Noise

MultiCorrupt  Weather
effects in the point
clouds[29].

Table 3 - Image & LiDAR quality assessment with open-source repos

Still versus motion quality assessment, the quality assessment for video has some options, ffmpeg, the open-
source audio and video codec, probably is the best-known for video, notably in cross platform players such as VLC
for decoding (usually) and HandBrake

(coding). It

also includes three quality metrics:

1 Peak Signal-to-Noise Ratio (PSNR), which measures the difference between the original and compressed
videos. A higher PSNR generally indicates that the reconstruction is of higher quality.

I Video Multi-Method Assessment Fusion (VMAF) developed by Netflix, VMAF is a perceptual quality metric
that considers both human vision system models and machine learning models to provide a more accurate

quality score.

9 Video Structural Similarity Index (SSIM) is another metric that evaluates the perceptual difference between
two videos. A value closer to 1 means the videos are more similar.

We can use ffmpeg as the external tool videos, as it has ffprobe and ffplay as sister tools to play, examine and
look at the coding, these tools help when dealing with many files. In the VMAF case, a separate codebase and tool
is available. Note, however a reference or
as well as separate ones for LIDAR [20, 21]. A no reference video quality paper is in [26]. If videos are recoded, or
resized or even format changed (mkv, mp4, mov, wmv) one should use the quality comparison tools above. An
interesting, and yet unexplored option is to rate images from good weather conditions. In other words, ideal conditions
against poor/harsh/adverse conditions, again in other words again, the reference image is the good weather, and the
degraded image is in poor weather conditions.

“"best qual idteyihersesist 144, e d e d
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Data Readiness Levels: The concept

Data Readiness Level (DRL): In analogy with the concept of technology readiness levels [1], data readiness level
assessment is a method for characterising data readiness for deployment. The overall data quality builds on
Lawrence3s data readi n[@]amislaseignificarg palt @ Rraject planoimgarred gievelopment. It
is not by chance that up to 80% of the total project time is spent on pre-processing data, basically following the Pareto
principle [1]. The principle states " it takes 20% of the time to do 80%
remaininge26fusi mpler stated, “~one can do the | arge

The main challenges of constructing meaningful data readiness levels are: i) assigning a single DRL (1- 9) to large,
complex datasets, often with imperfections [2], such as missing values, inaccuracies, and incomplete readings; ii)
different readiness suggests different implications to different users, since data is often context sensitive; iii) some
data consumers may have methods to handle imperfections, for example, in the missing data case, methods may,
or may not, have been coded to handle missing values. Depending on the upstream capabilities, the DRL may be
inaccurate [3,4]; and iv) production of quality sensor datasets (real car readings) are currently available for use.

One way to see data readiness is the values 1-9 indicate a quantitative measure of the time / effort / cost to repair /
replace produce new values. Lower values are in principle easier to fix than those higher up the scale. Note, if errors
in the lower end will propagate through the data pipeline causing issues, and probably harder to detect. This is
because transformations (scaling, fusing, ML algorithms etc.) are applied and debugging the ML pipeline is more
time consuming. Indeed, WP5 deals with making the ML pipeline as transparent as possible.

Lawrence?3s initial concept def i nes , da(utiity), B e(\alitlity) erslsC
(accessibility), depending on the knowledge and understanding of the available data and their usefulness for a given
objective. We go back to the 9 levels present in TRLs and use them as below in Table 4 .

Figure7-L awr e n ¢ e uwalitydbardsa

A Band Context

B Band Representation

C Band Accessibility
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DRL
Algorithm
8
T a
: software
E oot
Clouds
t
5 Image LiDAR
8 RADAR
f
+ [EEEET
f
3 Missing data Objects / sequence(s)
f
2 Hardware calibration
1
0 HW configuration
Figure 8 - Illustration of the DRLs for ROADVIEW
9 (highest) ML Successful object recognition in A vehicle driving
harsh weather in a live driving around rural and
situation. urban
environments.
8 ML Successful computer object An actual vehicle is
recognition in harsh weather not involved, rather
conditions. in a lab, (offline)

test. Probably

7 ML Insufficient / incorrect data for
training.
6 Video Video Quality issues Video quality
frames experts' group.
VISIBLE and
thermal different.
5 Video Video Missing values Gaps in frames
frame causes problems.
4 Images Single Brightness, contrast, blurriness
image
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3 Images Single Missing streamed values Gaps in the data
image sequence (Missing
frames in

VisualizePixelwiseF
usionlmages., FGI)

2 Data Single Incorrect data Confusing / wrong
information. Fields
used in inconsistent
manners Data
repeated in non-
normalised DB
schemas.

image

1 (lowest) Data Formatting Mismatches
(decimal
separators) points,
km / mph

Table 4 - Specific Data Readiness Levels for ROADVIEW. The light-yellow shaded cells indicate Domain specific data
issues whilst the light blue cells data agnostic processing.

Data source I: The Finnish Geological Institute (FGI) training data

We take a little deeper dive into a dataset available in the ROADVIEW project. It was kindly made available by the
Finish Geological Institute; we list some of the attributes of the data made available. The scope of the description is
quite high-level formats, visualisation to the lower-level formatting and how to unpack and use the four sensor types.
Table 5 shows the sensor, the recorded attribute and format and notes on the data.

Camera PNG Anonymised (Blurred faces and number plates).

Unrestricted license compressed format.

Thermal Camera TIFF Raw, unrestricted license format (16 bit)

LiDAR RG Binarypacked range and reflection data

Road weather RW Binary packed road conditions data (see below)
RADAR - Not available from FGI (yet)

Table 5 - Data formats from FGI dataset

One aspect of FGI3s datahies floemass,obibiangrgtructured f

Struct.unpack_from(format, data, offset)
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In the FGI dataset, the road conditions were categorised as in Table 6 . Bool represents Boolean, if available and

measured or not.

A master?3s

SurfaceTemperature | Bool
State Bool
Water Bool
Grip Bool
Ice Bool
Snow Bool
EN155185tate Bool
Air Temperature Bool
RH Bool
Dew Point Bool
FrostPoint Bool
DataWarning Bool
DataError Bool
Unit Status Bool
ErrorBits Bool

Table 6 - Road Weather, conditions & data fields in the FGI Dataset

topicenasiresentty beert pnoduced, which includes slipperiness and grip [27].

The Finish Geospatial Institute (FGI) has produced a data set, shown in Table 5 . It was used to generate the video

shown in

. The whole data set size was about 34 Gigabytes for a 10-minute drive. 8 below shows the data rates

and message sizes computed in kB / s and in MB / minute. Content-wise the data is divided into a Rural and Urban

dri ves,

1810

and

3027 i

n

PNG,

TI

FF

mages

and

RW

2 for mat

Page 25 of 49


https://ianmarsh.org/sensor-fusion-for-autonomous-driving/

Deliverable No. D4.5 Title

%y
Version 04 Initial readiness assessment of specific datasets ROADVI EW
Project no. 101069576

Camera 2.4G 1810 Camera 4.7G 3027
anonymised anonymised

LiDAR 913M 1810 LIiDAR 1.5G 3027
Thermal camera | 6.7G 1810 Thermal camera | 39M 3027
Road Weather 21M 1810 Road Weather 39M 3027

Table 7 - Two autonomous driving datasets from FGI (https://www.maanmittauslaitos.fi/en/research)

Figure 9 - Example of FGIs Urban 3 data sources fused, Video link (5fps).

The output of a processed urban dataset is a 250 MB video around 5 minutes long at 10 frames per second. The
rural one is 60 MB around 3 minutes also at 10 frames per second. More on rates and sizes in Table 7 above. Note
this is without RADAR data and does not say anything about training, validating an Al model. The start frames can
al so be specified and in the rural case t hi Fable8 showsths et
sizes and times to fuse data (offline) the two datasets. Processing was done on a 2021 MacBook Pro (M1 Max CPU).
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Rural

60 MB

30 mins

Urban

250 MB

50mins

Table 8 - Output characteristics using the FGI dataset above.

In terms of performance issues, Python will produce binary files *.pyc rather than text to make the interpreted code
into a binary. For large programs (rather than data) this can speed up execution. For optimising the code, one can
and very recently, Scalene
from Umass, Amherst, USA (Aug 28", 2023). Table 9 below gives the breakdown per sensor and how the data

use timeit  to find functions or sequences that consume time. Alternatives are cProfile

streams are reduced by down sampling.

Novatel GNSS + IMU
positioning

Front colour camera
Thermal camera centre
Thermal camera left
Thermal camera right
Vaisala MD30

Velodyne VLS128 LIDAR

0,09
1399
241
240
235
0,04
617

205,0
10,0
60,0
60,0
60,1
40,0
91

19

13984
14459
14407
14126

5630

1,10
819
847
844
828
0,09
330

19

6993
1204
1200
1176

3087

Table 9 - Sensor sizes and rates from the FGI dataset.

1,10
410
71
70
69
0,09
181
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Blurriness of FGI's Urban dataset

&O0
|

GO0

Frequency
400
1

200

[ I I T 1
0 20 40 60 80 100 120

Blurriness

Figure10-Bl urri ness obtained by taking the variation of the
sizes are scaled to HD. Higher values are less blurry.

As can be noted, thermal cameras have a lot higher data rate than other sensors (60Hz vs 10Hz). Now there is 3.6
GB of raw data per minute. If only the frames which are used to generate the sensor-fused frames at 5Hz are listed,
the data rates decrease significantly. Computed is a low sampled example in the two last columns, where only 5
samples per second have been taken from all cameras and the LIiDAR. In this low-sampled version one minute of
raw data is 802 MB. The project will take different data sets under various weather conditions. Using a low sampled
would take a few 1003s GBs, but i f full resolution i

In the initial readiness assessment, RISE introduced the concept of DRLs. Data plays a fundamental role in the
ROADVIEW project, making the completeness, correctness and interoperability of data are utmost important aspects
of the data processing pipeline. RISE investigated the multimodal sensors that are used in ROADVIEW, summarizing
the physical nature of each sensor, but focusing on camera image quality for the initial DRL definition in D4.5. As
shown in Figure 8, from the lower DRL levels, DRL 1 is about the sensors and perturbations therefrom. We know
snow, ice, dust, and dirt inhibit signals from the LIDAR and RADAR. This is very much the focus of other tasks, with
a slight emphasis on RADAR. Calibration at DRL 2 is an important aspect, calibration, which we separate into 2
types:

Intrinsic calibration

Intrinsic calibration is basically sensor calibration, lens alignment, which can result in distorted / rotated images and
point clouds, the resulting matrices contain wrong values with respect to reality, often abbreviated to NAs. The
abbreviation can stand for Not Applicable, Not Available or Not Assessed. In the case of LIiDAR, the laser sweeps
should be within a range and intrinsic calibration is done to a known point cloud, physically adjusting the LiDARSs.
Often RGB cameras are seen as the trusted modality. Intrinsic calibration is only done once, rechecks and calibration
are redone if something breaks during trials.
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Extrinsic calibration

It is important to position the sensors with respect to each other. In vehicles with sensors, often the RGB camera is
seen as the 'base' sensor or modality. One reason is that one can infer ‘'where' the camera is on the vehicle using
internal and external imaging solutions. Speciality software takes pictures outside of the vehicle and inside the vehicle
to calculate the position of the RGB cameras. The Radio Cross Section (RCS) of a target is the equivalent area as
seen by a RADAR. It is the fictitious area intercepting that amount of power which, when scattered equally in all
directions, produces an echo at the RADAR equal to that from the target.

At DRL 3 we deal with missing data, as when streamed from sensors in real time (even when buffered) gaps in the
sequence can occur. Data rates exceed capacity, sensors do not always pick up information, noise in the data
overrides the signal and so on. The ratio of signal to noise is a key factor in any sensing situation. Theoretical
results and extensive practice and calibration can to some degree predict the performance of a sensor, or modality
in autonomous driving. However, in practice, and real driving situations it is more difficult to ascertain the signal and

noise ratios. In the dataset from FGI a few values are missing, see Figure 11. Two representatonsof 2 sequen
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absolute timestamps.

At DRL 4 we have the positioning and inertia measurement units. For now, we have them at the same level. This
could be for discussion later, but knowing where we are (GNSS) and how the vehicle accelerates, brakes, or vibrates
is important in post-processing. Repeated runs along the same route in different conditions produces repeatability
but also changing, a limited, but known, number of parameters. Indeed, in ROADVIEW runs are done when the
weather has changed. An extension is to create the weather artificially, as done in the THI and Cerema test site in
Germany and France.

At DRL 5 we have images and the LIDAR / RADAR. They are different modalities, but in essence are similar in terms
of sensing. We look at several different open-source tools to assess them.

AtDRL6we have the coll ated 2dat as3. That is video and
images combined into videos and LIiDAR point clouds, spatially and temporally collated. We look at the video quality
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as well in this Task, using vmaf (Table 61) which the rest of the project does not do. LIDAR point clouds are heavily
discussed in this report. With respect to data quality, we have access to the FGI & THI datasets and are evaluating
those, and we can introduce weather effects into public datasets and evaluate them, this is done with tools such as
MultiCorrupt[29] and Robo3D.

At DRL 7 we have the processing of the point clouds, removing noise from the point clouds to make object recognition
effective, this is being done in other parts of the project.

We have left one DRL 8 free as some processing in the ML pipeline, that can affect the final quality. Research is
being done to rasterise point clouds, make the point clouds more sense or using multiple sources to enhance quality.
Therefore, we leave DRL 8 for each advancement.

DRL 9 is strictly about the object detection, in free space or in scenes that is coupled to the algorithms themselves.
We have implicitly assumed that the algorithms are perfect and only data is a detractor, which is strictly not true. The
algorithm and often the algorithm and the data it is trained, validated, and tested upon can have significant impacts
on the results in AD. This is why different techniques are evaluated, often on several datasets, and with quite different
outcomes. The mmDetection suite tests their algorithms on different datasets showing a fair difference. Therefore,
the algorithms themselves need to be considered, and this is being done in WP5.

Figure 12 - Otaniemi. A rural route between Hilantie-Pohjoiseen in southern Finland.
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